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Towards Information Governance of Data Value Chains:      
Balancing the Value and Risks of Data within a Financial      
Services Company 
Haifangming Yu and Jonathan Foster 
Abstract  
Data is emerging as a key asset of value to organizations.  Unlike the tradi-
tional concept of a business value chain, or an information value chain, the 
concept of a data value chain has less currency and is still under-
researched. This article reports on the findings of a survey of employees of 
a financial services company who use a range of data to support their fi-
nancial analyses, and investment decisions. The purpose of the survey was 
to test out the idea of the data value chain, as a useful abstract model for 
organizing the different discrete processes involved in data gathering, data 
analysis, and decision-making, to further identify issues, and suggest im-
provements. While data and its analysis is clearly a tool for supporting the 
delivery of financial services, there are also a number of risks to its value 
being realized, most prominently data quality, along with some reserva-
tions as to the relative advantages of data-driven over intuitive decision-
making. The findings also raise further data and information governance 
concerns.  If implemented such programs would aid in the realization of 
value from data within the organization, while also mitigating the risks of 
this value not being realized.   
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1.  Introduction 
In an age of information and big data, the capture, processing 
analysis and use of data presents companies with both opportuni-
ties and challenges. Within this context, it can be argued that the 
implementation of a systematic data value chain becomes a pre-
requisite for companies to be able to achieve their business goals. 
From this perspective, the systematic capture, processing, analysis 
and use of data can be viewed as a programme and a  technolo-
gy for the gathering and processing of data from both internal or-
ganizational and external environments for, among other purposes, 
internal decision-making, analysis of customer intelligence, the 
monitoring of organizational performance, and organizational fore-
casting (Ofner et al. 2013; Vera-Baquero et al., 2015). The data 
value chain encompasses a sequence of processes including data 
capture, storage, distribution, analysis and use. By implementing a 
data value chain, an organization can take data-driven as well as 
intuitive decisions, and more generally increase the use that is 
made of the data that it captures. As well as consisting of a set of 
organizational processes, Kasim (2012) points out how data val-
ue chains can also encompass inter-organizational and networked 
processes. On the one hand, data driven decision-making presents 
the opportunity of increasing profits by aiding the targeting of re-
turns from certain investments, and by aiding processes of risk 
analysis. On the other hand, as one process within a set of interde-
pendent processes, data-driven decision-making also carries with it 
some of the potential risks associated with the other elements of 
the data value chain. Therefore, a better understanding of the  
data value chain,  its operating standards and governance, can 
help to increase the value of data, while also mitigating against the 
potential risks. 
 
The article reports the results of a survey of the employees of a 
Chinese branch of a financial services company. The aim of the    
research was to evaluate how the data value chain works within the 
company, and to identify what factors can influence the outcome of 
data-driven decision-making. More specifically, how does the data 
value chain benefit the company? What are employeesÕ opinions of 
and attitudes towards the data value chain? What factors influence 
the data processing of data along the data value chain? Do compa-
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nies currently have a preference for data-driven decision-making 
over intuitive decision-making? The structure of the paper is as fol-
lows. Section 2 provides a brief review of literature on the data val-
ue chain.  Section 3 outlines the survey methodology, including 
sampling approach. Section 4 presents the findings. Section 5 dis-
cusses the results in light of previous literature. The conclusion pro-
vides recommendations for future research into the processes of 
the data value chain.  
  
2. Data Value Chain  
The concept and practice of the data value chain (DVC) is the focus 
of this research. The concept plays an important role in organiza-
tions that rely on the capture and processing of data from their ex-
ternal and internal environments, and its onward processing in a 
systematic way. Here we provide a number of current definitions of 
the data value chain and its elements. Miller et al., (2013) suggest 
that the data value chain can be decomposed into three parts: data 
discovery, data integration and data exploitation. Kasim (2012) ap-
proach is more granulated with the DVC including data collection, 
data management, data integration, data analysis, data simulation 
and data visualization. With trends towards the utilization of data for 
growth and well-being increasing, OECD (2015) has proposed a 
number of enabling factors including digitization, open data, a fast 
and open internet and the internet of things (IoT) in the area of data 
gathering; analytics (algorithms), cloud computing, and specialist 
data skills in the area of data analysis; and machine learning, auto-
mated decision making and simulations and other data experiments 
in decision-making. Along this data value chain, data are collected, 
stored and maintained, used, repaired, and finally destroyed.  
 In general, it is rare for a single model of the entire data val-
ue chain to be used in organizations (Ofner et al., 2013). Therefore, 
management of each individual element of the data value chain is 
considered a cornerstone of the effective working of an organiza-
tionÕs data value chain (Gartner, 2008); with data value chain evalu-
ation, data value chain analysis, and data value chain communica-
tion are considered important aspects of this management. Ofner 
(2013) holds the same opinion. The details on how the concept of a 
data value chain actually works in an organization is difficult to     
deduce from the literature. In other words, while Kasim (2012) and 
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Miller et al. (2013) allude for example to the structure of the data 
value chain, they do not mention how the capture and gathering of 
data is converted and realized into value that benefits the organiza-
tions. While positing the idea of Ôdata as an assetÕ Khatri and Brown 
(2010), and therefore the value of data as an entity and a resource, 
the authors point more to the accountability aspects of managing 
data, and the allocation of decision rights, rather than directing at-
tention to the enabling aspects of converting data into value. Foster 
(2016) points to some of the initial models being used to realize   
value from data.  
3. Methods 
A survey of employees of a financial services company was con-
ducted. The survey method was considered appropriate as a de-
ductive method of inquiry for testing out the idea of the data value 
chain, as a useful abstract model for organizing the different dis-
crete processes involving in data gathering, data analysis, and de-
cision-making. The survey is organized into four parts. The initial 
part gathers demographic data on participants; the second section 
contains four questions related to data gathering the first process of 
the data value chain; the third section contains three questions re-
lated to data analysis, the second process of the data value chain; 
and the fourth section contains seven questions related to the final 
stage of the data value chain, decision-making. Participants in the 
survey were all members of an international financial services com-
pany based in Shenzhen. In order to avoid biasing a specific inter-
est group, a randomized sample of 100 employees from the finan-
cial services company was compiled; with the expectation of 70 
responses. The survey was posted to the online website     
Wenjuanxing and, in actuality, 82 responses were received.  
4. Findings  
Demographics. 82 employees of the Financial Services Company 
participated in the research. Figure 1 presents the distribution of the 
employees who responded, by age. As can be seen the overwhelm-
ing majority of those who are participating in data-driven decision-
making are of a younger age, with 91.46% of the employees who 
are leveraging the data value chain being aged between 18 and 40; 
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and with only 8.54% of employees aged between 40 and 60 similar-
ly doing so.  
 
 
Fig. 1. Distribution of respondents by age 
 
Figure 2 shows the distribution of employees by highest educational 
qualification held. The responses clearly demonstrate the educated 
nature of data users within the company with 63.41% of  
 
 
Fig. 2. Distribution of respondents by highest education degree 
 
respondents holding a Bachelors degree, a further 31.71% a Mas-
ters degree, and 2.44% a PhD degree. In sum, 97.56% of the data 
users within the company are in possession of a Bachelors degree 
or above.   
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Fig. 3. Distribution of respondents by position 
 
Figure 3 provides a distribution of respondents by job title. The gen-
eral trend is that employees at a lower rank in the hierarchy will tend 
to be the greater users of data, with employees of a higher rank 
tending to be the lesser users of data.  
 
Fig. 4. Distribution of respondents by phase of data value chain 
 
For example, Associate positions account for 65.85% of employees, 
and Managing Directors positions 1.22%. The exception to this is 
Director positions that account for 10.98% of data users. Figure 4 
presents information on the allocation of responsibility for the differ-
ent phases of the data value chain. In terms of distribution of re-
sponsibility the greatest number, and vast majority, of users are in-
volved in the data analysis phase of the data value chain (57.32%), 
with 24.39% involved in data gathering, and the least number in-
volved in data-driven decision-making (18.29%). Respondents were 
in clear agreement that data and its analysis was a useful tool in 
supporting their work.  
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Fig. 5. Distribution of respondents by phase of data value chain 
 
In response to the statement ÒI think big data analysis helps my 
workÓ, 89.03% of the respondents were in either agreement or 
strong agreement with the statement; with only 10.98% of respond-
ents either neutral about or disagreeing whether data analysis is 
helpful in supporting their work.  
 
Fig. 6. Data by source type 
 
Nevertheless respondents were also aware that there exist a num-
ber of risk factors (multiple choice) that could affect the accuracy of 
the data used. Figure 5 illustrates these problematic factors. The 
most frequented cited factor is data quality (78.05%), followed by a 
clutch of other factors: data lacking variation (41.46%), human fac-
tors (39.02%), and data processing errors (30.02%).   
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Data gathering phase: Figure 6 illusrates the sources from which 
employees gather their data. These are predominantly from the 
firmÕs website (79%), but also from quantitative (11%) and 
qualitative (7%) surveys, with only 3% coming from other sources  
e.g. professional data supply websites. The overwhelming majority 
of employees (91%) will then systematically store this data for future 
use. Data analysis phase: Figure 7 identifies the data analysis 
tool(s) that employees use to analyse data (multiple choice).  
 
Fig. 7. Data analysis tools by frequency of use 
 
The tools most frequently used for data analysis are: Excel 
(82.93%), Matlab (23.17%), SPSS (20.73%), Stata (13.41%), and R  
 (3.66%). Decision making phase: Respondents were overwhelming 
favourable towards data-driven decision-making; with 87.8% of 
employees either favourable or very favourable towards the 
practice, with only 12.2% of employees exhibiting only an 
occasionally favourable or unfavourable attitude towards the 
practice. Figure 8 illustrates the perceived consistency between the 
results of data analysis and intuitive predictions as to financial 
performance. Here the figures are more circumspect. While 71.95% 
of employees perceive a consistency and therefore a useful 
complementarity between the two types of decision-making, nearly 
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 Fig. 8. Perceived consistency between big data analysis results and personal predictions  
 
a third of employees (28.05%) were neutral on this issue. Figure 9 
illustrates the number of people who will be typically involved in  
making decisions on the basis of the data analyzed.  
 
Fig. 8. Decision-making process by number of employees 
The typical number of decision-makers being 3 employees 
(39.02%), although the number of decision-makers can range from 
1 decision-maker to (15.85%) to more than 4 decision-makers 
(15.85%). What can be said is that the collaborative use of data, 
and available of data for joint interpretation and decision-making 
appears to be the norm; with 84.15% of decisions involving 2 or 
more people.  
 
10  
Two further bi-variate analyses of the data were conducted.  
 
Fig. 9. Relationship between age and responsibility 
 
Older and therefore typically more experienced employees tended 
to be responsible for the latter phases of the data value chain.  
Figure 9 illustrates the relationship between age and responsibility 
for the different phases of the data value chain. There is a tendency 
for the younger more in experienced employees to be involved in 
data gathering, for slightly older and middle-ranking employees  
 
Fig. 10. Decision-making process by number of employees 
 
tended to be involved in data analysis, while senior more experi-
enced employees are 100% responsible for decision-making. After 
further testing there is some weak evidence that this association is 
statistically significant (p-value 0.0593). Given the importance at-
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tached to data quality as a barrier to accurate decision-making, this 
relationship is worth further investigation. The relationship between 
the number of employees participating in data-driven decision-
making, and employeeÕs attitudes towards the accuracy of the re-
sulting decision was also tested. Although there is some evidence 
that in some situations, an increased number of employees can 
lead to an inaccurate decision (Figure 10), there is very little if any 
evidence that this is necessarily the case (p-value 0.089). A combi-
nation of a competitive financial institution, along with a low-trust 
culture may provide an explanation, when multiple people are em-
ployed.  
 
5. Discussion 
In this section we briefly discuss the  findings in light of the previous 
literature. The value of data is largely determined by its accuracy 
(Liu et al., 2015; Jorge et al. (2015); while timeliness is also consid-
ered to be one of the key attributes of data quality (Blake & Mangi-
anmeli, 2011; Pipino et al., 2002; Wand and Wang, 1996). There-
fore, it is significant that the key risk factor, cited by 78.05% of 
respondents was data quality. It is clear that data quality is the key 
issue that can reduce the likelihood that value will be created from 
data. From a data resource perspective it will be important to       
assess the degree of quality attached to each stream of data.  
There is some weak evidence that younger, more experienced, em-
ployees are responsible for data gathering. If substantiated by fur-
ther evidence, it will also be important to attend to this issue when 
allocating decision-making rights and accountability for the domain 
of data quality, and how this is a key criterion on evaluating the 
worth of data gathering (Khatri and Brown, 2010). Given good quali-
ty data, the value of data analysis for organizing and interpreting the 
data is not in question, with the majority of employees in this com-
pany also holding a positive view of its worth in supporting financial 
services. Nevertheless, the perceived gap for some between intui-
tive and evidence-based data-driven decision-making is worthy of 
further investigation.  
5. Conclusion and Future Research   
Data and its analysis are clearly assets valued by those who re-
sponded, as being a tool for supported the delivery of financial ser-
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vices. However, what appears to be the case is that the accumula-
tion of this value is framed in a piecemeal fashion. What is required 
is much greater cumulative management and oversight of the data 
value chain; and treating the data value chain as a set of inter-
linked processes, rather than independent processes. In this regard 
previous work on the management (Liu et al., 2015; Jorge et. al., 
2015;; Ofner et al., 2013; Gartner, 2008) and governance (Khatri 
and Brown, 2010) of the data value chain would appear to be a 
guide to future practice. Nevertheless Khatri and Brown (2010) tend 
to view data as an exercise in potential value and accountability; 
whereas the emerging field of information governance (e.g. Tallon, 
Ramirez and Short, 2011; Foster, 2016) tends to examine the fac-
tors that can shape the realization of the value of data, and its con-
version into information. These include not only procedural practic-
es associated with managing the data value chain, but also 
structural practices that assign decision-making and accountability 
rights; and relational practices that draw attention to the need for 
communication and co-ordination along the data value chain. In do-
ing so the organization will enhance its capacity for enabling value 
to be realized from data e.g. allocating decision-making rights; while 
also mitigating the risks to that value being created e.g. data quality. 
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